Abstract-The management of uncertainties is a challenging task for reliable and secure operation of power systems. The uncertainties come from multiple sources, including the forecast errors of wind power and load, the forced outage of generating units, loss of transmission equipments, etc. This paper classifies different uncertainties based on their binary and continuous attributes. The main idea is to investigate the effect of each source of uncertainties on the cost of energy and security controls. For this purpose, a specific optimization method is developed which takes into account a forecasted scenario and a stochastic scenario. This optimization problem is solved for a fixed forecasted scenario and a varying stochastic scenario. The stochastic scenarios are constructed using a Monte Carlo Simulation that considers various sources of uncertainties. The main advantage of the proposed optimization is that the number of incorporated stochastic scenarios does not increase the size of the optimization problem. The models of different uncertainties, particularly wind power forecast errors, are discussed in depth. This optimization allows obtaining the statistical moments and constructing the probability distributions. The proposed optimization approach is then applied to the IEEE RTS 24-bus system. The probability distributions and statistical moments of objective functions and control variables are assessed for three cases, namely: (i) with only binary uncertainties, (ii) with only continuous uncertainties and (iii) with both of them.
INTRODUCTION
The power grids are continuously exposed to numerous sources of uncertainties which threaten the reliable and secure electricity supply to the customers. These uncertainties mainly arise from the occurrence of contingencies as well as the forecast deviations of load and more recently renewable energy production. The growing share of intermittent renewable generation capacity will increase more and more the uncertainties in power systems. In the liberalized electricity market environment, the concept of ancillary services is introduced to guarantee the secure operation of power system under different uncertainties. The frequency control reserve is among the most prominent ancillary services for secure operation of the system. The reserve can be scheduled in a joint energy/reserve market in order to avoid the market inefficiencies of separate and sequential markets [1] . In this respect, the cost of system operation can be represented in terms of the cost of providing energy and security.
The management of uncertainties in power systems regarding the system security has received many attentions from power engineering communities using deterministic (e.g. N-1 criteria) and probabilistic (e.g. stochastic and robust) optimization approaches [2] . These optimization methods aim to obtain a balance between the economy and security. In general, the optimization problems for the management of resources characterize the different uncertainties by taking into account a certain number of scenarios [3] . These scenarios are selected from all possible scenarios using different scenario generation/reduction approaches. On one hand, the consideration of all scenarios is not plausible since the computational burden increases drastically and the obtained solution becomes very expensive from the economical point of view. On the other hand, when a power system is designed to be robust to a specific class of perturbations, it becomes more vulnerable to another class of failures [4] . These issues become even more challenging for consideration of the lowprobability/high-impact scenarios [5] . Therefore, the optimized solutions as well as the evaluated value of risk, as the representative of the security cost, are dependent on the selected scenarios.
The probability distributions of the optimal solutions for all scenarios can reveal important information about the impact of uncertainties on the management of resources. In order to obtain the probability distributions and get rid of the abovementioned scenario related problems, this paper proposes an optimization approach based on Monte Carlo simulation (MCS). In this respect, a joint energy/reserve market is assumed. This optimization consists of two system states including a forecasted state and another scenario related to uncertainties. Different sources of uncertainties are constructed using a MCS approach. For every MCS scenario, the proposed optimization is carried out for the combination of the forecasted state and a stochastic scenario. The optimization is repeated for a number of scenarios in order to obtain the required accuracy level for the statistical moments of obtained solutions. In order to model the uncertainties, this paper firstly classifies them according to their binary and continuous attributes (see section II). The obtained solutions are useful to evaluate the effect of different sources of uncertainties on the optimal energy and security controls. The peculiarities of these probability distributions, like type and statistical moments, are further investigated.
The structure of the paper is the following. Section II describes the simulation approach including the applied MCS method and the models of different uncertainties like forecast errors of wind power and load as well as equipment outages. The detailed formulation of the proposed optimization is given in section III. Section IV presents the simulation results with reference to IEEE RTS 24-bus system. The probability distributions and the statistical moments of optimal solutions are investigated in depth. Finally, the conclusions are discussed in section V.
II. ANALYSIS OF PROPOSED APPROACH
The proposed optimization approach minimizes the total cost of energy and security regarding different sources of uncertainties. Several security actions are taken into consideration including upward/downward reserves ( and ), wind power spillage ( ), generating unit shut down and load shedding (
). This optimization includes two system states. The first one represents a given forecasted state and another state characterizes a stochastic scenario. The stochastic scenario state represents the uncertainties. It is constructed using a MCS considering different sources of uncertainties. The forecasted state is determined beforehand and remains fixed for all scenarios. In this way only a stochastic scenario is considered for each optimization. The advantage of this approach is that the number of considered scenarios is not limiting anymore since it does not increase the size of optimization problem.
Furthermore, the MCS is an effective approach to include the uncertainties in the system management. It relies on the deterministic model simulation for a necessary number of model evaluations. For every evaluation of MCS a sample from the uncertain space is taken. The different uncertainties are classified into binary and continuous attributes categories. The binary uncertainties include the outage of transmission elements and generating units. The continuous uncertainties take into account the forecast errors of the load and renewables' power output. Here, only wind power production is studied as renewable generation. The detailed modelling of these uncertainties is carefully revisited below.
The state of each component with binary uncertainties is derived by sampling based on its own availability. Moreover, the dagger sampling is used as a variance reduction technique to improve the performance of the MCS [6] . This method is appropriate for binary variables and small probability events. In this sampling method, for each component with failure probability p, a single failure is randomly selected within each 1/p trials. Hence, only one random number determines the state of the component for 1/p trials.
Regarding the load forecast errors several studies have demonstrated that it follows a normal distribution. This distribution is described by the first two statistical moments: mean and variance. The mean value is equal to the amount of load ( ) and a 5% of the variance is also assumed.
Many studies assume that the wind power forecast errors follow a normal distribution. However, this is a simplistic assumption since the third and fourth statistical moments of this distribution have none-zero values [7] . The consideration of these moments, namely skewness and kurtosis, allows analyzing more realistic scenarios. The skewness is a measure of probability distribution's asymmetry and the kurtosis describes the magnitude of distribution's peak. Other distributions have been investigated for the wind power forecast errors, including Weibull [8] , beta [9] and hyperbolic [7] distributions. In order to get rid of the selection of a particular distribution, the wind power forecast errors is modeled using Pearson system random numbers [10] . In this approach, the four statistical moments are given and the random wind power outputs are generated in such a way to fulfill these statistical moments. It is worth noting that these moments can be normalized based on wind power capacity.
The presented models for uncertainties are incorporated in the proposed optimization based on MCS. The output of the MCS based optimization is the probability distributions and four statistical moments of the objective function and control variables. Hence, the stopping criterion for MCS is defined as the maximum deviation of the estimated moments between two iterations. The flowchart of the proposed optimization approach is presented in Figure 1 . The detailed formulation of the optimization problem at each iteration and the stopping criterion are described in section III. 
III. PROBLEM FORMULATION AND SOLUTION
The proposed optimization for every iteration of the MCS is presented in details. Each scenario includes the availability of generators ( ) and transmission elements ( ) as well as the amount of load ( ) and wind power output ( ). and represent the binary uncertainties where 0 indicates the outage of element and 1 otherwise. The state of binary uncertainties is obtained based on their given availability and using the dagger sampling method as explained in section II. The grid is represented based on the DC load flow model. It is worth noting that the topology dependent matrices, such as the imaginary part of the nodal admittance matrix ( ) and the incidence matrix considering the serial susceptance of network branches ( ), change for the scenarios where includes components equal to 0. Hence, for every scenario these two matrices are shown by and . Moreover, and represent the continuous uncertainties. For every scenario, the load forecast errors is modeled using normal distribution, whereas, the wind power forecast errors is modeled using the four statistical moments.
Under the abovementioned assumptions, the optimization formulation is presented by (1)-(14) . In this formulation, the constant parameters are shown with over bar. The superscript "s" indicates the variables and parameters in the related stochastic scenario state. The objective function, given by (1) , is the minimization of the cost of energy and security control actions. It is subjected to the constraints at the forecasted state, given by (2)- (5), and also at the scenario state, given by (6) 
subject to
. ,
The price vectors of upward/downward reserves are given by and , respectively. The price vectors of generation are given by , , . The prices of wind power spillage, load shedding and generating unit shut down are given by , and , respectively. , , , and (resp. g, d, l, w, i) are the set (resp. index) of generators, demands, transmission elements, wind generations and buses, respectively. The voltage angle of buses at the forecasted state and at stochastic scenario state are shown by and , respectively.
The first term of the objective function is the quadratic energy cost of generating units. The second and third terms represent the cost of upward and downward reserves, respectively. The fourth, fifth and sixth terms are the cost of wind spillage, load shedding and generating unit shut down, respectively. The cost of generating unit shut down is taken into consideration whenever a generating unit is committed at
The constraints on lower/upper limits of generating units power output, shown by and , at the forecasted scenario (resp. at the stochastic scenario) is given by (2) (resp. (6)). The constraint (3) (resp. (7)) ensures that the power flow of lines is below of transmission capacity ( ). The power flow equation is presented by (4) (resp. (12) ). The generation and demand power balance equation is given by (5) (resp. (13)). It is assumed that generating units can offer the possible amount of reserve bounded to their min/max generating power output. Thus, the constraints on the amount of reserves are given by (6) , (8) and (9) . The amounts of load shedding and wind power spillage are limited by (10) and (11), respectively. The equation (14) guarantees that the power output of generating units are equal at the forecasted and stochastic state. This is valid only for those generating units that are available at both operating points.
The proposed optimization is a quadratic programming with mixed-integer linear constraints. The optimization problems are solved using the solver Gurobi [11] via the MATLAB interface YALMIP [12] .
The optimization results for every scenario are the generating units power output ( ) and its on/off status ( ), upward/downward reserve ( , ), wind power spillage ( ) and load shedding ( ). The probability distribution and statistical moments ( , , , ) of the simulation results are investigated for a given case study in section IV. For this purpose, the stopping criterion of MCS is defined as the maximum deviation of the estimated moments between two iterations. Therefore, the stopping criterion at -th iteration of MCS is shown by and given as follows:
where is the desired error level. The smaller is , the higher is the required number of MCSs. Here, the stopping criterion is defined for the total cost of the system.
IV. SIMULATION RESULTS
The proposed optimization approach is evaluated on the IEEE RTS 24-bus system in order to study the effect of different sources of uncertainties on the energy and security management. The single line diagram of the system is shown in Figure 2 . Its description and data, including reliability information, can be found in [13] . The total amount of load and generation capacity are equal to 2850 MW and 3405 MW, respectively. Three wind power generations are added to the system according to the given data in Table I . Here, the wind penetration level is equal to 20%. It is worth noting that the statistical moments of wind forecast errors in Table I are normalized based on wind power capacity. The normalized statistical moments are taken from the day-ahead wind power forecast errors of several systems, including Ireland, Germany and Denmark, as reported in [7] . The probability distributions of wind power forecast errors and their normal distribution fits in red are illustrated in Figure 3 . Moreover, 5% load forecast errors is also taken into consideration. Here, the prices of upward/downward reserves are assumed equal to 20% of . The prices of wind spillage and load shedding are assumed equal to 100 $/MW and 1000 $/MW, respectively.
In this paper three cases are studied. The first case, shown by "Case A", only assumes the continuous uncertainties, whereas, the second case, shown by "Case B", only considers the binary uncertainties. The third case, shown by "Case C", addresses both of binary and continuous uncertainties.
The cumulative distributions of energy and security costs are shown in Figure 4 and Figure 5 , respectively. The results are plotted in log-linear axes in order to effectively demonstrate the low probability regions of distributions. It is interestingly observed that the distribution of Case C for energy cost below 1344 $ (resp. security cost below 18.17 $) is similar to the distribution of Case A, whereas, for larger amounts of energy cost (resp. security cost) it follows the distribution of Case B. This observation demonstrates that for the lower costs with higher probabilities the effect of continuous uncertainties is more important, while for the higher costs with lower probabilities the effect of binary uncertainties becomes more important.
This conclusion can be also deduced from the probability of scenarios with the energy cost higher than the cost in the case with no stochastic scenario (resp. the probability of scenarios with non-zero security cost). These probabilities show the number of scenarios with the abovementioned characteristics per total number of scenarios. These values for different cases are given in Table II . The lowest probabilities are observed for Case B. It shows that additional costs due to binary uncertainties are less probable. However, as demonstrated in Figure 4 and Figure 5 , for these low probable cases the amounts of additional costs are much higher. On the contrary, the continuous uncertainties impose lower amounts of additional costs but with higher frequency. Therefore, higher amount of security actions is necessary with a lower probability for the binary uncertainties, whereas, lower amount of security actions is required with a higher probability for the continuous uncertainties.
In addition, several types of well-known distributions are tested to fit the distribution of the obtained results. The generalized Pareto distribution and the generalized extreme value distribution are the most appropriate for fitting the In this respect, the statistical moments of the energy and security costs are given in Table III . The expected cost ( ) and the standard deviation ( ) are higher for Case C in comparison with other cases, since both of the binary and continuous uncertainties are taken into consideration. The highest values of skewness ( ) and kurtosis ( ) for Case B show that the effect of binary uncertainties are much higher on the asymmetry and the peak magnitude of distributions. As a result, the impact of binary uncertainties is more significant on the heavy tail behavior of distributions.
The distribution of several control variables demonstrates similar behavior as that of the energy and security costs distributions. These control variables include the generating unit output power at buses 7, 13, 15, 23, the upward reserve at buses 7, 15, 23, and the downward reserve at buses18, 22. For instance, the cumulative distributions of the generating unit output power at bus 15, the upward reserve at bus 13 and the downward reserve at bus 22 for all cases are illustrated in Figure 6 , Figure 7 and Figure 8 , respectively. The statistical moments of the mentioned control variables are given in Table  IV . The behavior of the statistical moments of these control variables is also similar to the statistical moments of the energy and security costs.
Moreover, the generating unit output powers are constant for all scenarios at buses 1, 2, 16, 18, 21 and 22. It shows that the optimal output power of these generating units is not sensitive to the uncertainties. The downward reserve at buses 7 and 21 are non-zero only for Case C with small probabilities of 0.0001 and 0.0003, respectively. Therefore, this security control of these generating units is required only for a certain number of scenarios due to the superposition of both binary and continuous uncertainties. The downward reserve at buses 15 and 16 are non-zero for Case A and Case C with small probabilities of 0.00004 and 0.0008, respectively. These results demonstrate that the downward reserves at these buses are useful only for the continuous uncertainties. V. CONCLUSIONS Different source of uncertainties are classified based on their binary and continuous attributes. The outage of generating units and transmission elements are considered as binary uncertainties and the forecast errors of loads and wind power outputs are assumed as continuous uncertainties. The model of wind power forecast errors is revisited in order to provide more realistic stochastic scenarios. Then, an optimization approach is developed to investigate the impact of different source of uncertainties on the cost of energy and security controls. The main advantage of the proposed optimization is that the effect of stochastic scenarios, as many as required, can be evaluated without increasing the size of the optimization problem. The stochastic scenarios are provided using a MCS. The probability distributions and statistical moments of the optimization outcomes, including objective functions and control variables, are then evaluated. The simulation results demonstrated that the binary uncertainties lead to higher costs with small probabilities, whereas, the continuous uncertainties results in lower costs with high probability. This conclusion is useful for the management of power systems with high penetration of intermittent renewable energy resources. Furthermore, the fact that the proposed method addresses a time instant and it does not take into account the inter-temporal constraints (e.g. startup/shut down and ramp up/ramp down) additional investigation is required to extend this method for the multiperiod problem. 
